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Available online 20 May 2016Sun-induced chlorophyll ﬂuorescence (SIF) is known to relate directly to leaf and canopy scale photosynthesis.
Retrieving SIF from space can thus provide an indication on the temporal and spatial patterns of the terrestrial
gross primary productivity (GPP). Recent studies have successfully demonstrated the serendipitous retrieval of
SIF from satellite remote sensing instruments originally destined to atmospheric studies. However, theﬁnest spa-
tial resolution achieved by these products is 0.5°, which remains too coarse for many applications, including the
early detection of drought impacts on vegetation and the integration with ground GPPmeasurements from ﬂux-
towers. This paper proposes a methodology to spatially disaggregate the information contained within each
coarse SIF pixels by using a non-linear model based on the concept of light use efﬁciency (LUE). The strategy in-
volves the aggregation of high-resolution (0.05°) remote sensing biophysical variables to calibrate the downscal-
ing model locally and independently at each time step, which can then be applied to non-aggregated data to
create a new layer, denoted SIF*, with a spatial resolution of 0.05°. A global SIF* dataset is generated by applying
thismethodology globally to 7 years ofmonthly GOME-2 SIF data. SIF* is shown to be a better proxy for GPP than
the original coarse spatial resolution product according to ﬂux-tower eddy covariance measurements. Its perfor-
mance is comparable to dedicated GPP products despite that (unlike SIF*) these are calibrated based on the same
ﬂux towers, driven by meteorological data and not hampered by the large noise caused by the SIF retrieval. To
further illustrate the added-value of the global SIF* product, this paper also presents: (1) an ecosystem level as-
sessment showing a considerable reduction of noise with respect to the original SIF; (2) a spatio-temporal inter-
comparison with existing GPP products; and (3) estimations of global terrestrial productivity per selected vege-
tation types based on SIF*.
© 2016 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).Keywords:
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Plant functional types (PFT)1. Introduction
Photosynthesis is the main process governing the global carbon
cycle. Gross primary productivity (GPP), deﬁned as the amount of car-
bon that terrestrial ecosystems assimilate per unit of area and time, is
the largest planetary CO2 ﬂux (123 ± 8 Pg C y−1, Beer et al., 2010).
GPP drives the inter-annual variability of the CO2 mixing ratio and
may substantially affect the future climate trajectory (Le Quéré et al.,
2015). The quantiﬁcation of the spatio-temporal variations of GPP is
therefore fundamental for the detection of biogeochemical signals in
the terrestrial biosphere, as driven by climate and other environmental
drivers connected to global change like atmospheric CO2 concentration
and nitrogen deposition. Accurate data-driven estimates of GPP are also
required to evaluate and improve biogeochemical land surface models
used in Earth system models to predict future climate trajectories.. Duveiller).
. This is an open access article underTechniques to estimate GPP range from eddy-covariance measure-
ments at ﬂux towers sites (Baldocchi, 2003; Baldocchi et al., 2001) to
globally-distributed mechanistic land surface model simulations
(Friedlingstein et al., 2006; Sitch et al., 2008). At point level GPP can
be derived from the partitioning of the net ecosystem exchange asmea-
sured with the eddy covariance techniques at a global network of sites.
While arguably the most reliable estimations of GPP, eddy-covariance
measurements are limited by the uncertainty in the partitioning
method (Lasslop et al., 2012), by the restricted area covered by their ob-
servation footprints and by the limited and biased spatial distribution of
towers across the globe (Schimel et al., 2015). On the other side, land
surface models can simulate GPP over a range of spatial and temporal
scales across the globe, but the reliability of such estimation is heavily
dependent on both the input data and the strong modelling assump-
tions made about the system, which do not always hold in space or
time. Between these extremes are various data-driven approaches
that try to remain as close as possible to observations while tolerating
a variable degree of modelling abstraction (Durgun, Gobin, Gilliams,
Duveiller, & Tychon, 2016; Jung et al., 2011; King, Turner, & Ritts,
2011; Mäkelä et al., 2007; Ogutu, Dash, & Dawson, 2013; Papale &the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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Veroustraete, Sabbe, & Eerens, 2002; Zhao, Heinsch, Nemani, &
Running, 2005).
Data-driven methods for globally distributed GPP estimations gen-
erally rely, at least partly, on satellite Earth Observation (EO) either as
driving variables or to calibrate model parameters. A typical approach
to link remotely-sensed data to GPP involves the light-use efﬁciency
(LUE) approach proposed by Monteith (Monteith, 1972, 1977), which
states that GPP is proportional to the product of incoming photosyn-
thetically active radiation (PAR), the fraction absorbed by vegetation
(fAPAR), and the efﬁciency at which absorbed radiation is used in the
process of photosynthesis (εP):
GPP ¼ PAR fAPAR  εP : ð1Þ
Much research effort has been devoted on estimating the ﬁrst two
terms of this equation from satellite remote sensing (see reviews:
Hilker, Coops, Wulder, Black, & Guy, 2008; Malenovský, Mishra,
Zemek, Rascher, & Nedbal, 2009. The spatio-temporal variations of
fAPAR, which can be derived either from empirical relationships with
vegetation indices (VIs) or from inversion of radiative transfer models
(Baret et al., 2013; Gobron et al., 2007;Myneni et al., 2002), are typically
the major remote sensing contribution to GPP estimations. However,
the presence of chlorophyll, which is estimated by fAPAR or certain
VIs, is a required but not sufﬁcient condition for the occurrence of pho-
tosynthesis. The photosynthetic efﬁciency (εP) varies in space and time
depending on both vegetation type and key climate drivers, such as airFig. 1. Flowchart of the processing steps taken to generate SIF*, which is a proxy of gross primary
resolution of 0.5° using three explanatory variables at 0.05° spatial resolution:Normalized differ
Violet boxes represent input data, grey boxes represent processing steps and green boxes reprtemperature and soil water content. GPP models (e.g. Running et al.,
2004) commonly assume a potential LUE, ideally set to a different
value for every major plant functional type (PFT), and then downregu-
late it based on environmental constrains. Such methodologies are
heavily dependent on the availability and quality of both climatic and
land-cover data, along with strong assumptions on the capability of
these variables to drive the spatio-temporal variations of εP
(Garbulsky, Peñuelas, Papale, & Filella, 2008). Given that important
short and long-term dynamics in ecosystem carbon ﬂuxes such as GPP
depend on variations in the physiological properties of plant canopies
combined with the trends in environmental drivers (Reichstein, Bahn,
Mahecha, Kattge, & Baldocchi, 2014), there is an increasing interest in
improving the representation of εP in satellite-based GPP estimations
(Garbulsky, Filella, Verger, & Peñuelas, 2014; Grace et al., 2007). Fortu-
nately, photosynthesis emits an optical electromagnetic signal, called
chlorophyll a ﬂuorescence, that is sensitive not only to PAR and
FAPAR, but also to εP (Porcar-Castell et al., 2014).
Chlorophyll a ﬂuorescence originates from the core of the photosyn-
thetic machinery and consists of a re-emission of absorbed photons at
lower energy wavelengths (from 650 to 850 nm, with peaks at approx-
imately 690 and 740 nm). It is considered to be a mechanism that pho-
tosynthetic organisms developed to respond instantaneously to rapid
perturbations in environmental conditions of light, temperature and
water availability, before the heat dissipation mechanism of non-
photochemical quenching can be triggered (Maxwell & Johnson,
2000). Chlorophyll a ﬂuorescence has been extensively studied in labo-
ratory at scales ranging from the subcellular up to the leaf for the pastproductivity derived fromdownscaling a sun-induced ﬂuorescence (SIF) signal at a spatial
ence vegetation index (NDVI), evapotranspiration (ET) and land surface temperature (LST).
esent output or intermediary datasets.
Table 1
Initial and boundary conditions for the parameters of the non-linear downscaling
function.
Parameter b1 b2 b3 b4 b5 b6
Initial values 1 2 0.1 20 −295 10
Lower bound 0.5 0.1 0.05 1 −310 1
Upper bound 1.5 5 0.5 200 −290 50
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passive measurement from space-borne remote sensing platforms of
what is known as solar induced chlorophyll ﬂuorescence (SIF). Under
sunlit conditions, SIF is positively correlated with leaf photochemistry
and should thus serve as valid proxy for GPP, even though the mecha-
nistic link between the two remains unclear (Porcar-Castell et al., 2014).
SIF is a very weak signal consisting of less than 5% of the total light
absorbed by the plant. However, it is comparably stronger in some nar-
row parts of the solar and atmospheric spectrum in which irradiance is
strongly reduced (the Fraunhofer lines), making the signal detectable
passively from narrow-band instruments (for a review see Meroni
et al., 2009). Various space-borne instruments destined for atmospheric
research can provide the necessary spectral and radiometric sensitivi-
ties for SIF retrieval from space, despite not having been designed for
this purpose. Monthly global SIF maps have thus been recently pro-
duced from the GOSAT, SCIAMACHY, and GOME-2 instruments
(Frankenberg et al., 2011; Guanter et al., 2012; Joiner et al., 2013;
Joiner, Yoshida, Vasilkov, Corp, & Middleton, 2011; Köhler, Guanter, &
Joiner, 2014). However, because the signal remains weak and the mea-
surement noise is comparatively large, the SIF measurements currently
need to be averaged in time and space, resulting in datasets with a
coarse spatial resolution (0.5° at best with GOME-2) and the temporal
resolution (typically 1 month). Although several studies have already
shown that these datasets can be related to GPP (Frankenberg et al.,
2011; Guan et al., 2015; Guanter et al., 2014; Parazoo et al., 2014;
Yoshida et al., 2015), the coarse spatial resolution remains a bottleneck
as most ecosystems are highly heterogeneous at spatial scales larger
than 5–10 km. The situation will be improved with the recently
launched NASA Orbiting Carbon Observatory-2 (OCO-2) (Crisp et al.,
2004; Frankenberg et al., 2014), the upcoming TROPO-spheric Monitor-
ing Instrument (TROPOMI) on the Sentinel-5 Precursor (Guanter et al.,
2015; Veefkind et al., 2012) and the proposed FLEX mission speciﬁcally
dedicated to measuring SIF and photosynthesis (Kraft et al., 2013;
Mohammed et al., 2014; Moreno et al., 2006). However, these will not
be able to go back in time to provide GPP information for the past, and
many applications in ecology, agronomy, forestry and climate sciences
will beneﬁt of having the longest archives possible.Fig. 2. Schematic representation of (1) how the downscaling function is applied to the high spat
spatial vicinity; and (2) how the resulting downscaled estimations are averaged with weightsThe aim of the present work is to contribute in the overarching goal
of exploiting current coarse resolution SIF products to improve space-
borne GPP estimation by tackling the spatial resolution issue. The objec-
tive is to spatially disaggregate the information contained within each
coarse SIF pixels by using a non-linear model based on the concept of
light use efﬁciency. The strategy involves the aggregation of high-
resolution remote sensing biophysical variables to calibrate the down-
scaling model locally at every individual time step, which can then be
applied to ﬁner spatial resolution data to provide a downscaled esti-
mate. The resulting dataset should be considered as a proxy for ﬂuores-
cence that could later be used for several purposes, like the detection of
vegetation stresses, the quantiﬁcation of drought impacts (e.g. Sun et al.,
2015;Wang et al., 2016), or incorporated in amechanistic model of pri-
mary productivity. To assess the value of this new modelled proxy, the
coherence in the temporal trend with respect to GPP is explored by
both analysing the global signal per plant functional type and compar-
ing it locally to ﬂux-tower GPP estimates. As this dataset is expected
to help further research in using SIF-basedmodelling for different appli-
cations, this paper further aims at making an inter-comparison with
existing GPP products and present an estimate of global terrestrial pro-
ductivity per selected vegetation types.2. Data
2.1. GOME-2 ﬂuorescence
The global SIF dataset used in this study is the one proposed by
Joiner et al. (2013) and provided by theNASA Aura Validation Data Cen-
ter (http://avdc.gsfc.nasa.gov/). It consists of far-red ﬂuorescence (ref-
erenced at 740 nm) retrieved from hyperspectral observations from
the Global Ozone Monitoring Experiment-2 (GOME-2) instruments
on-board of MetOp-A and MetOp-B satellites. The methodology for SIF
retrievals is based on a simpliﬁed radiative transfer model to disentan-
gle the spectral signatures caused by atmospheric absorption, surface
reﬂectance, and ﬂuorescence radiance. This involves an empirical prin-
cipal component analysis approach to compute the atmospheric ab-
sorption component. Retrievals are done on the daily observations
(level 2 product), but given that the resulting SIF estimates are very
noisy, these are typically averaged in time and space resulting in the
level 3 product. This level 3 dataset has a spatial resolution of 0.5° and
at a monthly time step. Version 25 of this product covering the period
2007–2013 was used in this study. Additional pre-processing steps in-
cluded here are removing SIF monthly values falling outside the plausi-
ble range of 0–6 mW/m2/sr/nm, along with those for which the
individual valid observations in the monthly period are less than 5 or
have a standard deviation of more than 2 mW/m2/sr/nm.ial resolution explanatory variables using (up to) 9 sets of parameter values taken from the
depending on the high spatial resolution pixel's location within the coarse pixel.
Fig. 4. Example of the information used for screening out unsuitable ﬂux tower sites. The spatialized data on the left column illustrates (top) the spatial variability of the landscape with
250mMODIS NDVI data and (bottom) Google Earth imagerywith respect to the 0.05° SIF pixel (red box) and theﬂux tower location (light blue cross). The time series on the right column
represent the inter-annual evolution of (from top to bottom) ﬂux tower GPP measurements, satellite SIF values and NDVI metrics (see main text for more details).
Fig. 3. Flowchart summarizing the steps taken tomake the ﬂux-tower evaluation comparing the SIF* product with other GPP products and proxies. Violet boxes represent input data, grey
boxes represent processing steps and green boxes represent output or intermediary datasets.
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Three biophysical variables derived from satellite remote sensing
data at a spatial resolution of 0.05° are used to downscale the GOME-2
SIF dataset. All three are derived from the MODIS instrument, whichFig. 5. Comparison between the input coarse spatial resolution SIF product and the ﬁne spatia
zones.has been ﬂying on-board of 2 platforms: Terra since 2000 and Aqua
since 2002. All data are gathered for the same period of 2007–2013
with a monthly temporal resolution.
The ﬁrst variable is the Normalized Difference Vegetation Index
(NDVI) obtained from the MYD13C1 version 5 product provided byl resolution downscaled SIF* product for a bimonthly temporal sequence over 3 selected
Fig. 7. Example of the advantages of using the methodology adopted in this paper. The top row illustrates SIF* obtained by a simple downscaling, resulting in several gaps and squared
artefacts in the zoomed region. The bottom row shows the method adopted (summarized in Fig. 2) based on spatially averaging (up to) nine sets of SIF* downscaled values, each
based on parameters obtained within the 3 × 3 coarse pixel vicinity.
Fig. 6. Spatio-temporal illustration for selected zones of the residualswhen the downscaled SIF⁎ product is aggregated back to 0.5° of spatial resolution and it is subtracted from the original
SIF data.
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78 G. Duveiller, A. Cescatti / Remote Sensing of Environment 182 (2016) 72–89NASA. NDVI has widely been used in Earth monitoring as it responds to
the amount of green vegetation biomass present on the ground, and can
be used as a proxy for fAPAR to a certain extent. This particular product
(MYD13C1) consists of cloud-free spatial composites of the gridded
16 day 1 kmNDVI product obtained from the AQUAMODIS instrument,
and are provided as a level-3 product projected on a 0.05° (5600 m at
the equator) geographic Climate Modelling Grid (CMG). Cloud-free
global coverage is achieved by replacing clouds with the historical
MODIS time series climatology record. The data is available from the
NASA LPDAAC website (https://lpdaac.usgs.gov/).
The second variable is evapotranspiration (ET), obtained from the
MOD16 product proposed by NTSG (Mu, Zhao, & Running, 2011).
Evapotranspiration is the quantity of water lost by the land surface by
the combined processes of evaporation and transpiration through leaf
stomata. Plants close their stomata when water is limiting factor for
photosynthesis, thereby reducing ET, which can thus serve as an indica-
tor of the water stress in the soil-plant continuum. This product is ob-
tained by integrating several MODIS products (land cover, albedo, leaf
area index, and Enhanced Vegetation Index) with meteorological data.
MODIS ET is also available in the CMGgridwith amonthly temporal res-
olution. The data is available from the NTSGwebsite (http://www.ntsg.
umt.edu/project/mod16).
The third variable is the daytime land surface temperature (LST) ob-
tained from the MYD11C3 version 5 product of NASA (Wan, 2008). In
this product, LST is the radiometric (kinetic) temperature derivedFig. 8.Maps showing the distribution of selectedﬂux-towers. The size of the symbol represents c
SIF* and the climatological time series of GPP derived from eddy covariance measurements atfrom the thermal infrared radiation emitted from the land surface.
Thus, over vegetated areas LST mostly relates to the canopy top and is
therefore representative of the leaf layers with the highest photosyn-
thetic rates. The daytime LST from the MYD11C3 product consists of
1 km measurements performed by MODIS on-board of the AQUA plat-
form at around 13:30 local time (depending on the latitude) and aver-
aged over a monthly period and over the CMG grid. The choice of
using AQUA rather than TERRA is that the early afternoon overpass of
the former better coincides with the moment when the heat stress on
vegetation is likely to be more pronounced. Data are available from
the NASA LPDAAC website (https://lpdaac.usgs.gov/).
2.3. Data at ﬂux tower site level
A valuable source of GPP estimates comes from eddy covariance
measurements performed at the global network of ﬂux towers. Time se-
ries of GPP available in the FLUXNET LaThuile dataset under the “fair
use” data policy were evaluated for the present analysis. In total, 143
sites were initially considered, with data covering variable time periods
spanning from 1991 to 2007 depending on the site.
To evaluate the spatial representativeness of the ﬂux sites in the
0.05° grid cell an assessment of the surrounding of the sites in an area
of 0.3° by 0.3° has been performed. For this purpose two sources of spa-
tial data were collected over this area. The ﬁrst dataset consists of high
spatial resolution remote sensing imagery extracts from Google Earthategories of the adjusted coefﬁcient of correlation between the climatological time series of
each ﬂux-tower site.
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second dataset consists of NDVI time series at a 16-daily time step and
with a spatial resolution of 250m obtained from theMODIS instrument
on-board of the Terra platform, available under the MOD13Q1 product
of the NASA LPDAAC.
2.4. GPP global products
The ﬁrst data-driven global GPP product considered in this study is
the one proposed by NASA based on the MODIS instrument. This
MOD17 product (Running et al., 2004; Zhao et al., 2005) is produced
with a light use efﬁciency model by combining canopy biophysical in-
formation derived from MODIS with meteorological and land cover in-
formation, with some adjustments based on localised in situ ﬂux-
tower observations. The product used is a version that has been aggre-
gated to a spatial resolution of 0.05° and amonthly temporal resolution
(available here: http://www.ntsg.umt.edu/project/mod17). This prod-
uct is henceforth referred to as simply MOD.
The second GPP dataset is the MTE-GPP product of the Max Planck
Institute's Biogeochemical integration group (Jung et al., 2011). It is con-
structed using a machine learning method (ensemble of regression
trees) to upscale information from ﬂux-towers up to a 0.5° grid, aided
by gridded meteorological and remote sensing co-variables (availableFig. 9. Inter-comparison of the performance of different products to capture the temporal dyna
coefﬁcient of determination R
2
between the averagemulti-annual temporal curve of the each ﬂ
covering that speciﬁc site. (a) Proportion of sites reaching a given threshold ofR
2
when all towe
(c) Median performance when all sites are grouped by major climate zone. In each case, n indihere: https://www.bgc-jena.mpg.de/geodb/projects/Data.php). This
product will henceforth referred to as MPI.2.5. Ancillary data
The analyses in this paper require information on the global distribu-
tion of different vegetation types or ecosystems. The delimitation of the
spatial extent of these ecosystems is based on a combination of climatic
zones and land cover classiﬁcations.
The climate zones are based on the Koppen-Geiger climate classiﬁ-
cation system updated with the climate from 1950 to 2000 by Kottek,
Grieser, Beck, Rudolf, and Rubel (2006). Only the major climate zones
are considered (Tropical, Dry, Temperate and Continental) after having
been split between the northern and southern hemisphere counter-
parts. The spatial resolution of the maps is 0.5°. When these maps
need to be crossed with datasets at 0.05° spatial resolution, all 0.05°-
pixels falling in the 0.5° cells are considered to have the same climate.
Land cover is obtained from the MODIS land cover products (Friedl
et al., 2010). The MCD12C1 version 5 product with a 0.05° spatial reso-
lution is used, which consists of the aggregation of the ﬁner 500m land
cover product by selecting the dominant land cover types within the
coarser 0.05° grid cells. Separate land cover maps are available formics of GPP as measured by ﬂux towers. The performance is measured using the adjusted
ux-tower site and the averagemulti-annual temporal curve of a given product of the pixel
rs are considered together. (b) Same as (a) but separated between vegetation type group.
cates the number of available ﬂux towers.
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exception of 2013 for which the map of 2012 is used instead.3. Methodology
3.1. Downscaling approach
The downscaling approach consists in establishing a model that
physically relates the coarse spatial resolution dependent variable
(SIF) with explanatory variables that are available at both ﬁne and
coarse resolution. The resulting product is a modelled spatio-temporal
ﬁeld and is henceforth referred to as SIF* to distinguish it from the orig-
inal SIF signal proposed by Joiner et al. (2013). Themethodological steps
to go from coarse SIF to ﬁne SIF* are summarized in Fig. 1.
The model is to be calibrated and applied only over a local spatio-
temporal moving window. Spatially, this window is deﬁned for each
coarse resolution pixel by selecting the 40 nearest valid pixels (includ-
ing the central one) within a region of 11 × 11 pixels (i.e. 5.5° × 5.5°).
This method allows having the same number of samples for every se-
lected grid cell, but it also adapts (to a certain extent) to the coastlines,
thereby avoiding the limitation of a symmetric moving window (e.g.
Fig. S1 in the supplementary information). Temporally, the window is
here ﬁxed to a single month, which is the ﬁnest resolution of the Level
3 SIF GOME-2 data used. By limiting the windows to a single time
slice, this approach ensures that the explanatory variables only serveFig. 10. Comparison of the original SIF signal at 0.5° spatial resolution (LR)with the downscaled
within different climate zones. The panes on the left depict the 5, 25, 50, 75 and 95 percentiles o
coefﬁcient of variation,which is deﬁned as the ratio between the standard deviation and theme
and evergreen needle-leaf forest.to disaggregate the coarse SIF at each time step, and not to impose
their temporal behaviour to the derived SIF* signal.
To construct the model, several assumptions are made. The ﬁrst as-
sumption is that, as described by several authors (Berry et al., 2013;
Joiner et al., 2014; Schimel et al., 2015), SIF can be expressed using an
analogous equation to that linking GPP with LUE (Eq. (1)):
SIF≅PAR  fAPAR  ε F : ð2Þ
The main differences lies in the term εF, describing the efﬁciency at
which the plant emits photons back as ﬂuorescence, instead of the εP
term that relates to photosynthesis efﬁciency. It is further assumed
that the spatiotemporal variations of εF can be modelled as a function
of hydric and thermic stresses, forwhich the remote sensing biophysical
variables ET and LST can serve as proxies:
ε F≅b0  f ETð Þ  f LSTð Þ ð3Þ
In this formulation, b0 is a constant value that is downregulated by
f(ET) and f(LST), which can both only range from 0 to 1. Another as-
sumption is that over the local spatio-temporal window, PAR remains
relatively constant and that the resulting APAR (i.e. PAR × fAPAR) can
be modelled as a function of NDVI, resulting in the following model
structure:
SIF≅b0  f NDVIð Þ  f ETð Þ  f LSTð Þ: ð4ÞSIF* product at 0.05° spatial resolution (HR)when aggregating to speciﬁc land cover classes
f the aggregated time series. The panes on the right illustrate the temporal evolution of the
an expressed in percentages. EBF and ENF respectively stand for evergreen broadleaf forest
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 exp −0:5 LST þ b5
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: ð5Þ
The bi parameters are to be estimated at monthly resolution and lo-
cally over the moving window through a calibration process. For this
purpose theﬁrst step is to aggregate linearly the datasets of explanatory
variables (NDVI, ET, and LST) from their native 0.05° spatial resolution to
the 0.5° resolution of the GOME-2 SIF dataset. In case of missing values
at ﬁne spatial resolution, the aggregation is done only if a minimum of
50 valid values are available (otherwise the coarse data point is ﬂagged
as not available). Since Eq. (5) is non-linear, a Quasi-Newton “L-BFGS-B”
optimization algorithm, as implemented in the core R package stats (R
Core Team, 2015), is used to ﬁnd the optimum b parameters over
every local window. This algorithm is based on the gradient projection
method and uses a limited memory Broyden–Fletcher–Goldfarb–
Shanno (BFGS) matrix to approximate the Hessian matrix of the objec-
tive function (Byrd, Lu, Nocedal, & Zhu, 1995). It allows the speciﬁcationFig. 11. Comparison of the temporally averaged coefﬁcient of variation of the original SIF signal
(HR) when aggregating to speciﬁc land cover classes within different climate zones. The error
500 pixels are encountered are plotted. Climate zones have been separated according to thei
seasonality. DBF, EBF and ENF respectively stand for deciduous broadleaf forest, evergreen broof a lower and upper bound for each parameter. In this case, these are
set based on educated guesses on the limits that each parameter may
encounter. Table 1 reports the values set here for these bounds, along
with the initial conditions, which are chosen as to ground the resulting
sets of parameter to physiologically plausible solutions. The same ini-
tialization values are used across the globe irrespective of climate or
land cover type. The algorithm minimizes the cost function deﬁned as
the sum of squares of the residuals between measured and modelled
SIF values. The result of the optimization process is a raster stack with
a coarse (0.5°) spatial resolution containing the spatialized values of
each of the 6 parameters in different layers.
Once the vector of optimized parameter values are available for each
coarse grid cell and time step, the relationship of Eq. (5) can be applied
to all ﬁne spatial resolution pixels located in that coarse grid cell to re-
sult in 10 × 10 pixels of SIF*. Two issues arise when performing this op-
eration. First, some places do not have values for coarse grid cell because
the SIF values might have been discarded prior to the calibration step
(due to excessive noise or insufﬁcient observations) or because no SIF
value was available in the ﬁrst place (such as a peninsula delimitated
at ﬁne spatial resolution but absent at the coarser one). Second, abrupt
transitions in optimized parameter values may occur between adjacent
coarse spatial resolution grid cells that may generate an artiﬁcial ‘large
square’ pattern in the downscaled data due to the relatively large differ-
ence of spatial scales. Due to the non-linear nature of the downscalingat 0.5° spatial resolution (LR) with the downscaled SIF* product at 0.05° spatial resolution
bars represent the standard deviations of the values in time. Only cases in which at least
r location in northern and southern hemispheres to avoid artefacts due to differences in
adleaf forest and evergreen needle-leaf forest.
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to downscaling. To minimize artefacts due to these two issues (data gaps
and step transition in parameter values), each high spatial resolution SIF*
estimate is obtained as a spatially weighted average of nine SIF* estima-
tions obtained by applying the downscaling functions with an ensemble
of nine different sets of parameters, those located within a 3 × 3 coarse
pixel window around it. The weights within this window are calculated
using a 2-D Gaussian function (with standard deviation of 15 km) over
the high spatial resolution grid. The selection of weights for the (up to)
nine SIF* estimations depends on the relative position of the high spatial
resolution pixel within the low spatial resolution grid (see Fig. 2). This
method allows a smoother spatial transition at the ﬁne scale while ﬁlling
up the gaps based on adjacent SIF estimations.
3.2. Comparison with ﬂux tower GPP
The comparison of a coarsely gridded product, such as SIF or even
the ﬁner SIF*, with point observations like ﬂux tower data is hamperedFig. 12. Spatial and temporal pair-wise correlations between the SIF* downscaled product and
aggregated by land cover class and climate zones. Only cases in which at least 500 pixels are e
northern and southern hemispheres. DBF, EBF and ENF respectively stand for deciduous broadby the large differences in the coverage of each measurement. Speciﬁ-
cally, these differences include the temporal frequency of the measure-
ments, their spatial footprints and the period over which the data are
available. The various steps taken to overcome these hurdles are sum-
marized below and in Fig. 3.
The ﬁrst task is to prepare the GPP time series for each ﬂux tower
from the available half-hourly GPP values resulting from the ﬂux
partitioning method of Reichstein et al. (2005). These are aggregated
to monthly values in order to match the temporal resolution of the
available SIF dataset and to that of the other global GPP products. Only
the site-months for which more than 25 daily values per month were
available are retained, in order to avoid non-representative monthly
GPP estimates.
The second step consists in reconciling the spatial scales of the differ-
ent data-streams. The spatial footprint of eddy covariance measure-
ments is typically less than 1 km2 (Rebmann et al., 2005), which is a
much smaller area than the 0.05° grid cell of the downscaled SIF*
product (let alone the original SIF data pixels that are 100 times larger).the MODIS MOD17 GPP product (MOD) and the MPI-BCG MTE GPP product (MPI) when
ncountered are plotted. Climate zones have been separated according to their location in
leaf forest, evergreen broadleaf forest and evergreen needle leaf forest.
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etation type, but there is no guarantee that this vegetation type is pres-
ent far beyond the expected footprint of the measurement. Given these
potential sources of point-to-pixel mismatch, the suitability of every
single tower to represent the signal of a 0.05° grid cell has been carefully
inspected using a combination of high spatial resolution Google Earth
imagerywith time series of indicators derived from 250mNDVI images.
These indicators are:
1. hpix: The heterogeneity of the 250 m NDVI over the 0.05° grid cell,
quantiﬁed using the standard deviation of all NDVI values at a
given date.
2. δtow−pix: The absolute difference between 250 m NDVI at the tower
site and the average NDVI over the 0.05° grid cell at a given time.
3. τtow: The mean absolute difference between a given yearly NDVI
curve for the ﬂux tower 250 m pixel and the mean “climatological”
curve for the 2000–2013 period for the same pixel.
4. τpix: Same as τtow but with the mean NDVI values over 0.05° grid cell
instead of the ﬂux tower 250 m pixel.
All indicators are calculated for a single time slice but they can also
be averaged over a year to provide a mean annual metric. TheseFig. 13.Map illustrating the pair-wise temporal correlation between 3 datasets: terrestrial ch
product (MPI). The top map (a) uses downscaled SIF* while the bottom map (b) uses the or
datasets (squares are used to avoid negative numbers which would complicated the colour re
in a greyscale. Dark areas showpoor agreement for all paired comparisons. If a given hue standsindicators have been jointly examined for each site as illustrated in
Fig. 4. The main criteria used to screen the sites is whether the land
cover corresponding to the ﬂux tower represents the area of the 0.05°
grid cell (as a rule of thumb, a minimum threshold of 3/4 of the grid
cell was considered). Large values in any of the indicators mentioned
above also served to remove sites in which the behaviour of the vegeta-
tion at the tower appears to be too different from the vegetation cover-
ing the rest of the 0.05° grid cell. Other exclusion criteria included: cases
in which the plant functional type (PFT) associated with the tower did
not seem tomatchwithwhat can be observed in the high resolution im-
agery; cases in which large water bodies are present in the 0.05° grid
cell; cases in which it was deemed there was not enough data (of either
SIF⁎ or GPP) tomake a proper comparison. Finally, all towers over crops
were discarded because the variability inter-annual dynamics, driven
essentially by management of this land use, compromises the compari-
son for non-overlapping periods, as it will be made clear in the next
paragraph.
Once the screening of suitable towers is completed, the last step be-
fore confronting the SIF and SIF* products and the tower-basedGPP is to
reconcile the fact they are not covering the same period. For this pur-
pose we limited the comparison to the multi-year average curve, orlorophyll ﬂuorescence (SIF), the MOD17 GPP product (MOD) and the MPI-BCG MTE GPP
iginal SIF. Each primary colour represents the squared correlation coefﬁcient between 2
presentation). If all 3 datasets are equally correlated at a given area, that area is coloured
out, it indicates a given pair of dataset agreesmore between each other thanwith the third.
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used to ensure that anomalous years are not included in the calculation
of the tower GPP and satellite SIF climatology curves. More speciﬁcally,
the anomalies in the τtow and τpixmetrics are used to identify “non-nor-
mal” years respectively in the tower GPP and in the gridded SIF time se-
ries (year i is considered anomalous if τiNμ(τ)+2 σ(τ) where μ is the
mean and σ the standard deviation). The temporal agreement between
the climatological curves of GPP derived from ﬂux tower and those of
different GPP proxies (such as NDVI, SIF, MOD17 GPP or MPI-MTE
GPP) can then be obtained per ﬂux tower site. In this study, the metric
of agreement that is considered is the adjusted coefﬁcient of determina-
tion (R
2
), obtained after ﬁtting a linear regression between the GPP
proxies and the ﬂux tower GPP.3.3. Ecosystem level assessments
To extent the evaluation of the proposed downscaled product be-
yond the limitations imposed by the ﬂux-tower data, a product inter-
comparison is done at ecosystem level based on three separate assess-
ments. The ﬁrst test consists in analysing the temporal variability of
the original SIF and the downscaled SIF* product over the 7 years of
data when clustered by land cover and climate zones. For each group
and at each time step, the following metrics are calculated: the 5, 25,
50, 75 and 95 percentiles; and the coefﬁcient of variation, deﬁned as
the ratio (expressed in percentages) between the standard deviation
and the mean of a given set of values. The temporal evolution of these
metrics is expected to illustrate the improvement realized by downscal-
ing the data to a spatial resolution at which ecosystems are less
heterogeneous.
In a second evaluation, the spatio-temporal evolution of the down-
scaled SIF* dataset is compared to that of the two data-driven GPP prod-
ucts: MOD and MPI. This assessment looks only at the correlation
between datasets, following the protocol proposed by Meroni et al.
(2012). The temporal correlation analysis is performed by collecting
time series for each pixel in each dataset, calculating the Pearson
moment-product correlation coefﬁcient among these vectors and thenFig. 14. Linear regressions between monthly values of original sun-induced chlorophyll ﬂuore
primary productivity (GPP) for different vegetation types: (i) evergreen needleleaf forests (EN
and (iv) savannas (SAV) and woody savannahs (WSA).mapping the resulting values in space. The result is a map of the tempo-
ral correlation between thedatasets,which can then be summarized per
vegetation type. The spatial correlation analysis is done by collecting for
each product all values at a given time over predeﬁned areas (delimited
by vegetation type). The correlation between values obtained for the
different products is retained for each time step, resulting in a time se-
ries of correlations for each vegetation type. As the inter-comparison ex-
ercise involves 3 different products, 3 separate pair-wise analyses have
been produced (SIF* vs MPI, SIF* vs MOD, MOD vs MPI).
A third assessment looks at actual estimations of global GPP from SIF
and compares them with the equivalent values calculated from the
other two GPP products. Establishing a direct relationship between SIF
(or SIF*) and GPP in a mechanistic way is beyond the scope of this
work, but an empirical analysis is performed based on linear regressions
between the ﬂux tower GPP and the gridded SIF at coarse and ﬁne res-
olution. Because such empirical relationships can be expected to be de-
pendent on the vegetation type, separate regressions are considered for
four different groups for which there were sufﬁcient data from ﬂux sta-
tions. These are: (1) evergreen needleleaf forests (ENF); (2) deciduous
broadleaf (DBF) andmixed forests (MF); (3) grasslands; and (4) savan-
nahs and woody savannahs. In this analysis, space and time are com-
bined by considering together all site-years pertaining to a given
vegetation type, in order to maximize the data points available to ﬁt
each regression. Note that separate regression coefﬁcients are obtained
for the coarse 0.5° SIF data and for theﬁne 0.05° SIF* product, each based
on their respective values confrontedwith the tower GPP estimates. Be-
cause both SIF and SIF* datasets contain gaps in space, either because
the original retrievals or the downscaling method was unsuccessful,
these are ﬁlled with the 7-year monthly climatology of either products.
The SIF or SIF* are then cumulated annually for every grid cell. The
yearly land covermaps are then used to separate spatially the areas cor-
responding to the four above-mentioned vegetation groups. The regres-
sion coefﬁcients are applied to each grid cell to convert SIF or SIF* to
GPP. To obtain global values in petagrams of carbon per year (Pg/
year), all grid cell values for a given vegetation group are cumulated tak-
ing into account the variable land area of each cell. Despite the temporal
gap-ﬁlling that was previously applied, some areas can still havescence (SIF, top row) and downscaled SIF* (bottom row) against ﬂux-tower based gross
F); (ii) deciduous broadleaf forests (DBF) and mixed forests (MF); (iii) grasslands (GRA);
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because SIF cannot be downscaled properly at all times), which may
in turn underestimate the total amount of carbon ﬁxed. To avoid this
problem, the ﬁrst estimate is rescaled by multiplying it by the ratio be-
tween the total area covered by the target ecosystemand the actual area
covered by the effectively available SIF* pixels.
4. Results
4.1. Overview of the downscaled product
The improvement obtained from downscaling the GOME SIF data
from 0.5° to the derived 0.05° SIF* product can be appreciated in the
subsets provided in Fig. 5. The downscaled product fully captures theFig. 15. Comparison of global annual gross primary productivity (GPP) as estimated from: sun-i
MTE GPP (MPI) products. Results are given for different vegetation types: (a) evergreen ne
(c) grasslands (GRA); and (d) savannahs (SAV) and woody savannahs (WSA).same spatial patterns present in the original data, and disentangles
them with much ﬁner spatial detail at sub-pixel scale, allowing for in-
stance the identiﬁcation of river systems.
If the downscaled data is re-aggregated to original 0.5° spatial reso-
lution, it can then be subtracted from the original SIF data to expose the
residual errors of the downscaling procedure. As it can be seen in Fig. 6,
the residuals show a largely random spatio-temporal structure. The
values of these errors are generally within the margin of 0.1 to
0.4 mW/m2/sr/nm, which is the retrieval error of the original product
reported by (Joiner et al., 2013).
The beneﬁts of using the 9-member weighting procedure are
illustrated in Fig. 7. These include reducing the number of gaps
and removing 0.5° pixel edge effects remaining after the
downscaling.nduced chlorophyll ﬂuorescence (SIF), downscaled SIF*, MOD17 GPP (MOD) andMPI-BCG
edleleaf forests (ENF); (b) deciduous broadleaf forests (DBF) and mixed forests (MF);
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The ﬁnal set of ﬂux towers retained for this analysis consists of 40
out of the initial 143 ﬂux towers considered from the LaThuile dataset.
Their spatial distribution is depicted in Fig. 8, while an exhaustive list
is provided in the supplementary material. Despite having only a lim-
ited amount of towers and not being able to assess the inter-annual var-
iability due to the lack of temporal overlap between the time series, the
results are encouraging. The results are presented as a curve specifying,
for eachGPP proxy considered here, the proportion of towerswithin the
ensemble that have an R
2
above a given threshold. As could be expected,
the original SIF is overall a better predictor of ﬂux-tower GPP thanNDVI
(see Fig. 9a), conﬁrming previous results by other authors (Joiner et al.,
2014). However, the downscaled SIF* product performs even better
than the original signal, arguably because the spatial coverage of the
ﬁner grid cell is closer to the footprint of the ﬂux tower measurements.
In addition, the 0.05° SIF* performance almost reaches the level of the
dedicated GPP products, even though the latter use ancillary informa-
tion (meteorology and spectral indexes) and are calibrated on these
same ﬂux towers used in this evaluation, while the former uses no
such information. When considering the overall performance of SIF* in
Fig. 9, it must also be stressed that the temporal dynamic is driven by
the original SIF signal and not by the three biophysical downscaling var-
iables. The contribution of these variables is to spatialize the coarse SIF
signal at each timestep individually, and thus do not impose their tem-
poral behaviour onto the SIF* signal. Declining the comparison of perfor-
mances by the plant functional types (see Fig. 9b) shows how the
reduced performance of SIF and SIF* is considerably lower for ENFs,
while for grassland ecosystems it can even outperform the other
products.4.3. Ecosystem level assessment
The ﬁrst ecosystem-level assessment demonstrates the increased
coherence of the SIF* signal with respect to the original SIF when con-
sidering an aggregation per climate zone and per land cover type.
Fig. 10 illustrates the evolution in time of the distribution of all SIF and
SIF* values for a selected number of climate zone/land cover classes.
The increase in ecosystem-level signal purity is demonstrated by the
narrowing of the distributions, which furthermore appear more consis-
tent with the expected behaviour of the targeted ecosystems. To quan-
tify this increase in coherence, Fig. 10 also compares the evolution of the
coefﬁcient of variation (CV, deﬁned as the standard deviation divided by
themean in per cents) from the coarse and ﬁne datasets. In all cases, the
CV goes down. In some cases, such as boreal evergreen needle-leaf for-
ests, it does so in a very considerable way. Fig. 11 summarizes this re-
duction of the CVs for major land cover types in all climate zones.
The second ecosystem-level analysis illustrates how 3 GPP proxies,
SIF*, MOD andMPI, are correlated in space and time. The pair-wise cor-
relations per classes of land cover and climate zones are summarized in
Fig. 12. It shows both that the three products do not always agree
(whichwouldmake them redundant), and that no pair is systematically
more correlated than the others. For example, for croplands and DBFs in
the tropical climate downscaled SIF* and MPI GPP are more highly cor-
related in time between each other than they respectively are with the
MOD product. However, MOD and MPI have higher temporal correla-
tion among each other in continental climate for all land covers except-
ing croplands and DBFs. Temporal correlations is equal or above spatial
correlation inmost cases. This suggests how it is easier to catch changes
in vegetation productivity in time that in space, particularly when there
is a strong seasonality such as in croplands andDBFs.When there is little
or no seasonality, e.g. in tropical evergreen broadleaf forests, correlation
across products is typically poor (interestingly, the highest correlation
pair in these cases always includes SIF*). To better visualize the spatial
patterns of where products agree temporally, Fig. 13a shows theaveraged (squared) correlations per pixel as a map. The spatial resolu-
tion is aggregated to 1° using an arithmetic average. Large parts of the
World are shown in light hue-less taints in Fig. 13a, indicating high
agreement between all 3 datasets, while other regions vary in hue indi-
cating how 2 out the 3 datasets agree more between each other than
with the third. Fig. 13b shows the same map using the original SIF
dataset instead of the downscaled SIF*. These two maps show general
consistency, but themap including SIF* does show higher overall agree-
mentwith the other products (reduced blue fraction inmany areas) and
a smoother surface.
The third and last ecosystem-level analysis moves beyond correla-
tion and the three GPP proxies directly with GPP estimates for the se-
lected vegetation types. The scatter plots and regression lines between
SIF or SIF* and ﬂux-tower GPP are presented in Fig. 14 per vegetation
type. These include all valid sample points in both space and time, so
each is not fully independent from each other. As a consequence,
Fig. 14 should not be considered as an appropriate diagnostic of the im-
provements in relationship with GPP when passing from SIF to SIF*, but
rather as a summary of the regressions used to make an estimate of
global ecosystem-level GPP. All scatterplots appear fairly linear with
the exception of the ENF in which low values of GPP do not seem to
be so well related with low (near-zero) SIF values. Despite this sub-
optimal situation for ENF, a linear regression is still considered for the
sake of simplicity. Fig. 15 shows the temporal evolution of the global an-
nual GPPwhen the relationships in Fig. 14 are used to convert SIF/SIF⁎ to
GPP.5. Discussion
The two main outcomes of this study are i) the methodology devel-
oped to produce the downscaled SIF* dataset and ii) the dataset itself,
for which the increase in spatial resolution has resulted in an enhanced
proxy for GPP. The novelty in the methodology consists of adopting a
physically and physiologically sound concept of light-use efﬁciency to
spatially disentangle the coarse SIF signal that is known to correlate
with GPP. This approach can now serve as a baseline that can be reﬁned
by exploring if better explanatory variables exist, adjusting how these
are arranged in the model and applying it to other SIF datasets. The ar-
rival of new instruments capable of measuring SIF combined with new
updated validation datasets from ﬂux-tower or ﬂights will undoubtedly
stimulate further developments in this direction. The other methodo-
logical outcome is the downscaling framework itself, involving an
adaptable moving window and a 3 × 3 weighted smoothing procedure
that result in a reduction of both gaps and residual tessellation artefacts.
This approach could be adapted other downscaling applications beyond
the domain of carbon balance or remote sensing.
Various analyses done in this study attest to the potential value of
the generated SIF* dataset. This is best illustrated by SIF* increased per-
formance, with respect to the original SIF, in representing the temporal
dynamics of GPP as estimated by independent eddy-covariance mea-
surements. Resolving the spatial patterns of different land cover types
from within the coarse SIF estimate is arguably the main reason for
the increase of performance, as the selected ﬂux tower sites were se-
lected to ensure only one (and the same) dominant land cover class
falls both within the SIF* and the eddy-covariance instrument foot-
prints. It should be stressed again that because the downscaling is
done independently at every time step, the temporal dynamic of SIF*
is driven by SIF only and not by the temporal dynamics of the downscal-
ing variables. The predictive capacity of SIF* to estimate GPP is compara-
ble to that of dedicated data-driven GPP products that are (unlike SIF)
both: (1) driven (partly) by meteorological data and other EO products
like NDVI or fAPAR, and (2) calibrated with the same ﬂux tower GPP es-
timates used here for evaluating their performance. SIF is also further
penalized by the strong noise generated during its retrieval (caused be-
cause the actual SIF signal is so weak) that may reduce the R
2
with GPP
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view it is very encouraging to see the excellent performance of SIF*, sug-
gesting that combining it with meteorological drivers could further in-
crease the performance and perhaps lead to a new generation of data-
driven GPP products such as MOD17 (Running et al., 2004; Zhao et al.,
2005) or MPI-BGC MTE (Jung et al., 2011). While these deductions are
based on improved temporal correlations with ﬂux-tower GPP, they
should hold also for spatial correlations. A small analysis of spatial cor-
relation, presented in the supplementary material, did not reveal such
improvement. However, to make such analysis properly a spatially
dense network of ﬂux tower is necessary (ideally with several towers
per coarse SIF pixel), and the severe screening of sites needed to cope
with ensuring the tower-pixel adequacy probably reduced the site
numbers excessively. More evaluation is needed with updated
FLUXNET data to assess both this spatial improvement and to investi-
gate the inter-annual variability with synchronous ﬂux and satellite
measurements.
The added-value of disentangling the spatial components within the
coarse SIF signal can also be appreciated at ecosystem level. The reduc-
tion of noise when passing from SIF to SIF*, as expressed by the reduc-
tion in coefﬁcient of variation in Fig. 10 and Fig. 11, can be attributed
to two effects. First, the generation of SIF* entails an extra degree of
modelling that smooths out noise. Second, SIF* produces ensembles of
time series that aremore similar to each other when looking at different
clusters of land cover/climate zones. The reason behind this increased
temporal homogeneity is that land cover speciﬁc curves can be selected
more easily from the 0.05° SIF* pixels than from the mixed coarse 0.5°
SIF pixels. The reduction in variability due to this spatial un-mixing is
clearer in forested environments that in croplands, most probably be-
cause croplands still have a large diversity of contrasting crop speciﬁc
temporal proﬁles within a 0.05° pixel.
The inter-comparison of SIF* with other GPP products at ecosystem-
level brings several interesting pointsworth discussing. First, the graphs
in Fig. 12 and the maps in Fig. 13 indicate that SIF* agrees widely with
the other two GPP products in large parts of the world, comforting its
value as a GPP proxy. Second, there are several places of disagreement,
notably in the tropics and the boreal zones, which are the areas of
greater interest for monitoring carbon ﬂuxes and stocks, and which co-
incide with the sparser availability of ﬂux towers sites (Schimel et al.,
2015). In tropical evergreen broadleaf forest, the higher correlations
occur when SIF* is involved, suggesting this signal is bringing a compro-
mise where the other two products disagree more. In continental bi-
omes including evergreen needleleaf forests, shrublands and savannas,
the pair-wise agreement between GPP products is systematically higher
than any agreementwith SIF*. This could be attributed to the GPP prod-
ucts being strongly correlated to the small number of ﬂux-towers avail-
able in these northern latitudes, but the relationship between SIF/SIF*
and ﬂux tower GPP also appears to be weaker by itself for evergreen
needleleaf forests (see Figs. 9 and 14), perhaps due to themore complex
canopy structure of these ecosystems. Another notable point is the gen-
eral consistency between the twomaps in Fig. 13, which illustrates how
the SIF signal from the original data is driving itself a large part of the
agreement or disagreement with the GPP products. However, the SIF*
map does show higher overall agreementwith the other products, indi-
cating that the modelling, downscaling and smoothing steps used to
generate SIF* have a positive effect in providing a proxy closer to GPP.
Finally, when looking in terms of total terrestrial annual GPP per ecosys-
tem (Fig. 15), the temporal patterns match those proposed by the other
GPP products. This synchronicity may partially be driven by the annual
changes (and errors) reported by land cover products, but overall the
values are of the same order of magnitude. Overall, it is difﬁcult to con-
clude whether the passage from SIF to SIF* brings an improvement as
neither of the GPP products can be considered a deﬁnitive reference,
but in the case of deciduous and mixed forest, the downscaling results
in a strong alignment with the MPI-BGC MTE product. Remarkably, in
the four examined cases total GPP estimates are increased when usingSIF* rather than SIF. A possible explanation is that estimates based on
SIF* are made using spatially purer samples, while those using the orig-
inal SIF dataset rely on coarser (and thus more mixed) pixels. Because
the ecosystem considered here are rather highly productive (such
as forests and grasslands), purer samples result in higher total GPP
values that are less affected by less productive ecosystems (such as
shrublands and wetlands) that are more likely to be included in
the coarser pixels.
The SIF* dataset could ﬁnd various uses for applications for which
the current SIF datasets are too coarse in spatial resolution. These in-
clude: (1) a better parametrization of GPP models at ﬂux tower level
based on SIF; (2) making studies at ecosystem or plant functional type
level avoiding systematically mixed pixels; (3) ﬁne spatial resolution
studies on the impact of climate constrains (and in particularwater lim-
itation) to primary productivity; (4) using the downscaled product to
explore the possibility of synergistically combining SIF products coming
from different satellite platforms with contrasting sampling strategies
(e.g. with OCO-2); and (5) use these data to calibrate mechanistic
models of ﬂuorescence (e.g. van der Tol, Verhoef, Timmermans,
Verhoef, & Su, 2009) in view of the improvements of GPP estimates
from carbon cycle data assimilation system (e.g. Kofﬁ, Rayner, Norton,
Frankenberg, & Scholze, 2015). However, one important caveat is war-
ranted. The SIF* product should be regarded as a baseline dataset that
can serve as a proxy for GPP, rather than as a sun-induced ﬂuores-
cence dataset sensu stricto. SIF varies instantaneously along the
day while the input data used in this study (the level 3 GOME-2
SIF product) are themselves based on monthly average of daily ob-
servations acquired at the speciﬁc overpass time of the MetOp satel-
lite. Therefore, the downscaled product cannot be expected to
accurately represent how SIF behaves at ﬁner temporal resolution.
To do so, downscaling should be done directly on the level 2
GOME-2 SIF data (which are the instantaneous retrievals before av-
eraging temporally and spatially) with the synchronised instanta-
neous values of explanatory variables. Such approach would be
more appropriate, but also more complicated because of the neces-
sity to match the spatial and temporal supports of the SIF instanta-
neous retrievals with those of the explanatory variables. As new
missions and new retrieving algorithms become capable of produc-
ing SIF estimates with higher accuracy, exploring whether the
downscaling can be applied to shorter temporal composites should
also be considered, as the monthly temporal resolution is also a lim-
itation for many applications. In the meantime, further research
should now be devoted to consolidate the present approach by ap-
plying it to other SIF retrievals from GOME-2 (Köhler et al., 2014),
or from other satellites such as GOSAT (Frankenberg et al., 2011;
Guanter et al., 2012) or SCIAMACHY (Joiner et al., 2012; Köhler
et al., 2014). This could serve as a basis to generate a consolidated
archive of SIF* that could enable a better exploitation of the data
that will be available from new instruments such as TROPOMI or
FLEX.
6. Conclusions
The work presented shows how spatially downscaling a coarse
resolution sun-induced chlorophyll ﬂuorescence product with ancil-
lary remote sensing data leads to an improved temporal correlation
with GPP. By ensuring that the downscaling methodology remains
independent at every time step, the temporal behaviour of the
resulting SIF* signal is not driven by that of the downscaling vari-
ables. The resulting performance is comparable to dedicated GPP
products despite that (unlike SIF*) these are calibrated based on
the same ﬂux towers, driven by meteorological data and not ham-
pered by the large noise caused by the SIF retrieval. This encouraging
outcome suggests SIF* could be incorporated in a more dedicated
mechanistic model of primary productivity to provide new datasets
of remote sensing driven GPP estimates.
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